Fast developing of computer technologies led to vast improvements of image processing systems and algorithms. Nowadays these algorithms are widely used in different areas of computer and machine vision systems. In this research texture features were used to analyse metal surfaces using a set of images obtained with industrial camera with macro lens. This kind of contactless surface roughness estimation is cheaper and quicker in comparison with traditional methods. A set of 27 texture features were calculated for a set of surface images. Correlation coefficients between the texture features and 10 roughness parameters for the sample surfaces were estimated. Obtained results showed that texture features can be successfully used for quick surface quality estimation.
INTRODUCTION
Quality assessment of machined surfaces is an important step in quality control of the industrial production process. It is used to check whether current quality of a surface fulfil given requirements. There are two groups of quality assessment methods: contact and contactless. Contact measurements with a profilometer is a traditional way of surface roughness control. The main disadvantages of contact methods are slow speed of quality assessment and physical damage of the measured surface caused by a probe of the measurement device. Another modern alternative is a group of contactless methods, where surface roughness can be estimated without any physical contact between a measuring device and a surface.
Nowadays great progress can be observed in the field of computer technologies. Its development led to vast improvement of image processing systems and algorithms. These algorithms are widely used in different areas of computer or machine vision systems.
STATE OF THE ART
Texture features are successfully used in various fields of image processing. Authors of different papers proposed various methods of optical surface quality control with help of texture features. Some lenses of industrial cameras have small working distances. It can lead to a narrow depth of field on the resulting image. If a surface has a complex shape, which has large deviations from a focal plane of the camera, some parts of the surface can be not in-focus. This results in images having regions with less information in comparison with regions which are in-focus. In paper (Trambitckii et al., 2014) authors used in their research a set of texture features to segment such out-of-focus regions in the images of metal surfaces. Thus, only the segmented in-focus regions can be used in further steps. Haralick et al. (Haralick et al., 1973) described features, which Trambitckii, K., Anding, K., Haar, L. and Notni, G. Estimation are calculated from grey level co-occurrence matrix (GLCM). This matrix can be calculated in various directions and different distances relative to neighbourhood pixels. Then a set of features can be estimated for a set of several GLMCs. These features describe different statistical information of an image and they are successfully used in the field of surface quality control (Alegre et al., 2010) and other fields of image processing (Chandraratne et al., 2006; Sabino et al., 2004; Torabi et al., 2007) . The biggest weakness of the GLMC is that it has high computational complexity.
Li Liu et al. (Liu et al., 2012) used generalized local binary patterns (LBP) for texture classification. Difference-based and intensity-based features were extracted from local patches. Then they were combined into joint histograms. The classification based on these histograms showed good results on the challenging texture datasets.
A review of methods for prediction of surface quality was made by several authors (Benardos and Vosniakos, 2003; Lu, 2008) . Texture features can be successfully applied for prediction of surface quality. Chen et al. (Chen et al., 2008) described a method of estimation of the surface roughness using grey level co-occurrence matrix under the conditions of ambient light. Authors noticed that the ambient light affects calculated features. A new multivariate-based method was used to minimize the influence of the ambient light. Furthermore, it is important to consider the light direction and the quality of the light used to obtain the surface images. In the previous researches (Trambitckii et al., 2016) the correlation between texture features and roughness parameters was estimated. Results of the research showed that ring light can be a reliable light source for the tasks of surface quality assessment using an industrial camera. The main advantage of the ring light is its rotational invariance.
In this research, a set of focus texture features (listed in Chapter 4.2) is used to analyse the surface quality of metal parts under the conditions of a ring light source. The focus texture features were selected for this research because such features can reflect and deliver the information about a surface shape under appropriate lighting conditions. Correlation coefficients between the texture features and a set of roughness parameters (listed in Chapter 4.3), calculated for the sample surfaces, is estimated. In contrast with the previous researches (Trambitckii et al., 2016) , where the correlation was estimated for the same areas of metal parts, in this paper the comparison of features and parameters will be performed for different areas of metal parts. Results of this research help to understand, how the set of texture features can be used for quick surface quality assessment.
DATA ACQUISITION
In this research, metal parts with cone-shaped surfaces were used (see Figure 1 ). The region of interest has the size around 1 mm × 1 mm. 3D surface roughness was obtained with the Alicona 3D Infinite Focus G4 measurement system. A lens with the magnification of 20X was used. The lateral resolution (along X-and Y-axis) of the measurement system with 20X lens is 2.93 µm, the vertical resolution (along the Zaxis) is around 100 nm. The sample of surface image is shown in Figure 2 .
2D images were obtained with a 2.23 MPix industrial camera IDS UI-3360CP-C-HQ with an attached telecentric macro lens. The camera has a resolution of 2048 px × 1088 px and the physical size of the sensor is 2/3". The macro lens attached to the camera has a changeable magnification rate of 0.8X-4X. It gave a possibility to make the region of interest similar to the one obtained with 3D Alicona system. The aperture of the lens cannot be stopped all the way down, because of the strong decrease of sharpness caused by diffraction. So the aperture was stopped about halfway down to get the sharpest possible images and a wider depth of field.
As was mentioned in the introduction, in optical measurements of metal surfaces light plays an important role because of the complex reflectance characteristics of such surfaces. In this research, the ring light source was used. The advantage of the ring light is its rotation invariance of shadows of surface images relative to the lighting source. A sample image of the surface obtained with a 2D camera is shown in Figure 3 . The ring light source used in this paper is presented in Figure 4 . The observed workpiece area of the metal surface is a countersink. The cutting speed of the tool, used to produce these drill hole, varied from 175 to 185 m/min, to get a different level of roughness. Thirteen metal parts were processed such a way. For each part, it was taken about twenty 2D images. It was measured the same amount of 3D data for the same set of metal parts. This resulted in 250 2D images and 250 3D surfaces.
ESTIMATION OF CORRELATION 4.1 Data Processing
For calculation of features and parameters, each image and surface was cropped. Cropping removes areas of images near the edges. The edges are less sharp than the centre areas. Also, Alicona 3D system and IDS industrial camera have different aspect ratios. After cropping 2D images and 3D surfaces both have the same aspect ratio, which is necessary for the next cal- In the next step, every image and surface is divided into a grid of several subregions. Each feature and parameter was calculated for every of such subregions. The sizes of subregions were picked in such a way that both output matrices had the same size. This resulted in two equal-dimension sets of matrices: 2D texture features and 3D roughness parameters. Then the values of each matrix were averaged. These calculations resulted in a set of 27 × 250 mean values of texture features and 10 × 250 mean values of roughness parameters. These values are presented in Table 1.
Texture Features
27 different texture features were calculated in MAT-LAB environment for a set of surface images, obtained with the industrial camera. In this chapter, texture features which were used in this research are described.
Histogram Entropy
(F HEN ). It is a statistical feature of randomness that can be used to characterize the texture of an image. It is calculated by (C. Gonzalez et al., 2004; Firestone et al., 1991) :
where k is the number of grey levels, b = 2 is the base of the log function to express entropy in bits, and p k is the probability that the grey level k occurs in image:
where D is the number of pixels in the image.
Histogram Range
(F HRA ). It is the difference between maximum grey level and minimum grey level of an image (Firestone et al., 1991) :
where h(k) is the value of the histogram h for the k-th grey level.
Image Curvature
The grey level intensity of pixel (x, x) will be denoted as g(x, y). If the grey levels are treated as a 3D surface (x, y, g(x, y)), the curvature in a sharp image area is expected to be higher than in an unsharp area (Helmli and Scherer, 2001 ). The first step in calculating a feature, based on curvature, is to approximate the surface f (x, y) = p 0 x + p 1 y + p 2 x 2 + p 3 y 2 . The coefficients P = (p 0 , p 1 , p 2 , p 3 ) t are found using a least squares approximation (Nayar et al., 1996) with g 0 and g 2 :
(6) Then these coefficients are combined in order to form a texture feature. An experimental evaluation (Helmli and Scherer, 2001) shows that the simple sum of the absolute values results in an adequate focus measure F ICU :
Steerable Filter-based
A focus texture feature F ST EF is based on steerable filters. Steerable filters represent a way to synthesize filters of arbitrary orientation using a linear combination of basis filters. Such synthesis is used to determine analytically the filter output as a function of orientation (Minhas et al., 2009b) .
Spatial Frequency
Let denote the number of horizontal and vertical pixels of the image as M and N, respectively. Frequencies for rows and columns are defined by (M. Eskicioglu and S. Fisher, 1996):
Thus, spatial frequency F SFR is defined as
Other Texture Features
Along with the listed texture features, also following features were tested on the samples surfaces: absolute central moment (Shirvaikar, 2004) , Brenner's focus measure (Santos et al., 1997) , image contrast (Nanda and Cutler, 2001) , image curvature (Helmli and Scherer, 2001) , DCT (discrete cosine transform) energy (Shen and Chen, 2006) , DCT energy ratio (Lee et al., 2009) , Gaussian derivative (Geusebroek et al., 2000) , variance of grey-level (Krotkov and Martin, 1986) , local variance of greylevel (Pech-Pacheco et al., 2000) , normalized variance of grey-level (Santos et al., 1997) , energy of gradient (Subbarao et al., 1992) , thresholded gradient (Santos et al., 1997) , squared gradient (M. Eskicioglu and S. Fisher, 1996), Helmli's measure (Helmli and Scherer, 2001) , histogram entropy (Krotkov and Martin, 1986 ) and histogram range (Firestone et al., 1991) , energy of Laplacian (Subbarao et al., 1992) , modified Laplacian (Nayar et al., 1996) , variance of Laplacian (Pech-Pacheco et al., 2000) , diagonal Laplacian (Thelen et al., 2009) , steerable filters-based (Minhas et al., 2009a) , spatial frequency (M. Eskicioglu and S. Fisher, 1996) , Tenengrad (Krotkov and Martin, 1986) , Tenengrad variance (Pech-Pacheco et al., 2000) , Vollat's correlation-based (Santos et al., 1997) , wavelet sum (Yang and Nelson, 2003) and wavelet variance (Yang and Nelson, 2003) .
Roughness Parameters
The surface quality can be estimated using roughness parameters established in international standards (ISO 25178) . In this research the following ISO roughness parameters were used: S a (arithmetical mean deviation of the assessed surface), S q (root mean square deviation of the surface), S sk (skewness of the surface), S ku (kurtosis of the surface), S v (maximum valley height of the surface), S p (maximum peak height of the surface), S z (maximum height of the surface, i.e. the difference between the highest peak and the deepest valley), S dq (root mean square surface slope) and S dr (developed interfacial area ratio). Along with the ISO parameters listed above another roughness parameter from other source was used -S sc (mean summit curvature) (Stout et al., 1994) . 
Evaluation of Correlation
Having two variable sets of the same size, Pearson's correlation coefficient can be estimated between them:
where a, b are two input variables of the same size, andā,b are the averages of these variables.
The closer correlation coefficient is to 1 or -1, the more linear dependency two variables have. If the correlation coefficient is equal to 0, then there is no linear dependency between them. If the correlation coefficient is higher than 0, then such correlation is called positive. If it is lower than 0, then the correlation is called negative.
In our research, the correlation between both sets of 2D texture features and 3D roughness parameters was estimated. The correlation between 270 pairs (27 features × 10 parameters) of vectors was calculated. Every feature and parameter vector has a length of 250 (equal to the amount of the sample images). The distribution of the correlation for all pairs is shown in Figure 5 .
For correlation coefficient, an interpretation of the Brosius criteria (Brosius, 1998) was used. These criteria are listed in Table 2 . This interpretation of the correlation coefficients gives an easier explanation whether values have a weak or strong correlation. Absolute value of coefficient Interpretation 0 no correlation 0 < ρ < 0, 2 very weak 0, 2 < ρ < 0, 4 weak 0, 4 < ρ < 0, 6 medium 0, 6 < ρ < 0, 8 strong 0, 8 < ρ < 1 very strong 1 perfect
RESULTS AND DISCUSSION
Previously in the work (Trambitckii et al., 2016) it was mentioned, that a set of texture features, calculated for surfaces with removed waviness, has shown weak correlation with 3D parameters. This phenomenon can be explained. Texture features reflect not only surface roughness, but also a low frequency of the surface -waviness. When the correlation between texture features and roughness parameters is estimated, waviness should not be removed from the 3D surfaces. Thus, in this research raw 3D surface data was used for calculation of roughness parameters.
In this research, the texture features calculated for images of metal surfaces under ring light conditions showed strong (up to 0.8009) correlation between the roughness parameters.
The Pearson's correlation coefficients between 27 texture features and 10 roughness parameters were calculated. It resulted in the array of 270 pair-wise correlation coefficients. For all the coefficients absolute values were calculated, as some of the coefficients have negative values. Then all pairs were sorted from the highest to the lowest values of the correlation coefficients. A plot was created based on this information. The plot shows the distribution of the correlation coefficients for all 270 pairs, see Figure 5 . X-axis represents the absolute correlation coefficient value. Y -axis is an index of the pair, sorted by the correlation coefficient value in descending order. 40% of feature/parameter pairs showed a strong (ρ > 0.6) correlation. The correlation coefficients of several pairs are listed in Table 3 . The performed research showed that under our conditions the most correlated roughness parameters are S a , S q , S z (see a description of the parameters in Chapter 4.3). The most correlated texture features are the histogram entropy, the histogram range, the image curvature, the steerable filters-based and the spatial frequency (see a description of these features in Chapter 4.2). An example of the most correlated pair (S a and the histogram range) is shown in Figure 6 . An average value of the correlation coefficient between them is equal to 0.8009.
The future work can be focused on the calculation of correlation among different texture features itself. A larger set of parts can be produced to increase the number of images in a dataset. More texture features can be implemented to obtain probably even higher correlation between features and parameters.
The performed research showed that there is a strong correlation between texture features and roughness parameters. This means that texture features can be successfully applied to roughness assessment of metal surfaces, as well as for the estimation of the surface quality. This method of non-contact quality control gives a possibility to find parts with certain defects in a fast and reliable way on the basis of costeffective hardware equipment. It can help to increase the rate of detection of parts, which are not fulfil given requirements.
CONCLUSION
During the research, a set of 27 texture futures was calculated for metal surface images. A set of 10 roughness parameters was calculated for the same metal parts. The correlation between these sets was estimated. 40% of feature/parameter pairs showed a strong (ρ > 0.6) correlation. Thus, texture features can reflect roughness information of a surface under the controlled lighting conditions. It shows that texture features can be used to estimate metal surface quality using images obtained with low-cost 2D cameras.
